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Abstract 



Continuous exponential families are applied to linking test forms via an internal anchor. This 
application combines work on continuous exponential families for single-group designs and work 
on continuous exponential families for equivalent-group designs. Results are compared to those for 
kernel and equipercentile equating in the case of chained equating. The conversions produced by 
all methods are quite similar. 
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Application of continuous exponential families to linking has been considered for equivalent- 
groups designs (Haberman, 2008a) and single-group designs (Haberman, 2008b). The procedure 
for a single-group design is readily applied to the chained approach to the equating design for 
nonequivalent groups with anchor tests (NEAT). In this report, the required methodology is 
described, and application is made to the equating of several forms from several components of 
a test in which kernel equating is currently used on an operational basis. Results of equating 
by continuous exponential families are compared to those for kernel equating and to those for 
equipercentile equating with log-linear smoothing. On the whole, all equating procedures yield 
quite similar results; however, continuous exponential families have some advantage. As in kernel 
equating, readily-computed asymptotic standard deviations are available. In addition, unlike 
in kernel equating, a bandwidth need not be specified or estimated. In addition, continuous 
exponential families can be applied to continuous score distributions and to score distributions 
with very large numbers of possible values. This feature may gain increasing significance in the 
future if scoring begins to include such components as essentially continuous electronically derived 
features of essays. 

Section 1 describes use of continuous exponential families in the NEAT design. In this 
section, all distributions of random variables and random vectors are assumed known. Section 2 
considers the more realistic case in which sample data must be used to determine the appropriate 
conversions. Section 3 summarizes results of the application to the test data. Section 4 provides 
some conclusions. Discussion assumes familiarity with kernel and equipercentile equating methods 
(von Davier, Holland, & Thayer, 2004). 

1 Equating for the NEAT Design With Continuous Exponential Families 

To equate two test forms with a common anchor test by continuous exponential families is 
relatively straightforward if the chained approach is employed. Consider two test forms, Form 1 
and Form 2, and consider an anchor test A. For 1 < j < 2, let rij be a positive integer, and let 
Examinee i, 1 < i < rij, receive a score Xij on Form j and a score A,j on the anchor test. Assume 
that the pairs (X^, Ajj), 1 < i < rij, 1 < j < 2, are mutually independent. For 1 < j < 2, let the 
joint distribution of ( Xjj,Aij ) be the same for 1 < i < rij. The examinees who receive Form 1 are 
not assumed to be from the same population as the examinees who receive Form 2, so that An 
and Aj /2 do not have the same distributions for Examinee i who received Form 1 and Examinee i! 
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who received Form 2 . For Form j, where j is 1 or 2 , possible scores Xij are in the closed interval 
with finite lower bound cxj and finite upper bound dxj > cxj ■ In addition, the anchor test scores 
Aij are all in a closed interval with lower bound ca and upper bound d,A > ca- No requirement is 
imposed that the scores be integers or rational numbers. Nonetheless, in typical applications, the 
common distribution function Fxj of X^, 1 < % < rij, and the common distribution function Faj 
of A^, 1 < i < rij, are not continuous, so that an equipercentile approach to equating of Form 1 
and Form 2 based on observed scores normally involves some approximation of the distribution 
functions Fxj and FAj by continuous distribution functions Gxj and G Ay, respectively. The 
distribution function Gxj is strictly increasing on some open interval Bxj that contains both cxj 
and dxj, and the distribution function G Aj is strictly increasing on some open interval Ba that 
contains ca and d,A- For each positive real p < 1 , there are unique continuous and increasing 
quantile functions Rxj and Raj such that Gxj(Rxj(p )) = P and GAj(RAj) = P- With the chained 
approach, the linking function exiX2 for conversion of a score on Form 1 to a score on Form 2 
is then exiX2(x) = Rx2(Ga2{Rai(Gxi{x)))) for x in B\i, while the linking function ex2Xi for 
conversion of a score on Form 2 to a score on Form 1 is ex2Xi{x) = Rxi(Gai{Ra2{Gx2(x)))) 
for x in B\2- Both ex 1x2 and ex2Xi are strictly increasing and continuous on their respective 
ranges, and exiX 2 and ex 2 Xi are inverses, so that exiX2(ex2Xi(x)) = x for x in Bx 2 and 
ex2Xi(exiX2(x)) = x for x in Bx 1 (Haberman, 2008 a). If Gx 1 has a continuous derivative gxi 
at x in B\i, G\ 1 has a positive and continuous derivative gxi at exi a(x) = Rai(Gxi(x)), Ga2 
has a continuous derivative gA2 at exi a(x), and Gx 2 has continuous and positive derivative gx 2 
at exiX2(x), then application of standard results from calculus shows that exiX2 has continuous 
derivative 



e XlX2 ( x ) — 



gxi(x)gA2(exiA(x )) 



9Ai(exiA(x))gx2(exiX2(x)) 
at x. Similarly, if Gx 2 has a continuous derivative gx 2 at x in B\ 2, Ga2 has a positive and 
continuous derivative gA2 at ex2 a(x) = Ra2{Gx2{x)), Ga\ has a continuous derivative gAi at 
ex 2 A 2 (x), and Gx 1 has continuous and positive derivative gx 2 at ex 2 Xi(x), then ex 2 Xi has 
continuous derivative 



e X2Xl( x ) 



gx2(x)gAi(e X 2A(x)) 

gA2(ex2A(x))gxi(ex2Xi(x)) 



at x. 



One method to obtain distribution functions Gx 1, Gau Gx 2, and Ga2 is to approximate 
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the joint distribution of (X,j, A tJ ) by use of a bivariate continuous exponential family for both 
j = 1 and j = 2 (Haberman, 2008b). For simplicity, let Bxj , I < j < 2, and Ba be bounded. 
For k > 0. let UkXj be a polynomial of degree k on the interval Bxj for I < j < 2, and let UkA 
be a polynomial of degree k on Ba- For 1 < j < 2 and a pair k = ( kxj , k,A) of nonnegative 
integers, let Ukj be the polynomial on the plane such that Ukj (xj ) = Uk Xj (xxj)uk A (%A ) for real 
pairs Xj = (xxj,XA)- Let. Xij = ( Xij,Aij ). Let Ukj be the expectation of Ukj(X,j), so that /j-k j 
is a linear combination of the bivariate moments E(X^ Xj A^) of X y - for nonnegative integers 
hxj < kxj and 6 a < 6a- 

Consider a nonempty set Kj of 77 pairs of nonnegative integers k = ( kxj,kA ) such that kxj 
or kA is positive. Let lx Kj j be the Kj- array of /Jkj , k in Ffj, and let u^.j(x) be the Kj- array of 
rtkj(x), k in Kj. If YKyj is a real Kj- array of ykj , k in Aj, and z/^.j is a real Aj-array of Zkj , k in 
Kj . then let 

y Kjj z Kjj = Y VkjZkj- 
k eKj 

Assume that, for any real Aj-array y Kjj, the variance of y' K ; ii/ x - . / 1 X, ; ) is 0 only if ijkj = 0 for 
each k in Kj. Let BxjA = B\j x Ba be the interval in the plane that consists of pairs ( bxj , 6 a) 
such that bxj is in Bxj and 6a is in Ba- To treat issues such as internal anchors, let Wj be a 
bounded and positive real function on BxjA- For numerical work, it is helpful to assume that Wj 
is infinitely differentiable. Then a unique continuous bivariate distribution with positive density 
on BxjA has the exponential family density 



5 Ab( x ) = " l< ,j ( 0 K,.i ) i x * ex p ()' Kj j 1 1 x . j ( x ) ; . 



x in B\ja , for a unique Aj-array @K.p with elements OkKjj, k in Kj, and a unique positive real 
7 KjjiQKjj) such that 

/ Ukj(x)g Kj j(x)dx = Hkj 

J BxjA 



for k in Kj and 
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(Gilula & Haberman, 2000; Haberman, 2008b). A random vector Y Kjj = (YxjKjj,YAKjj) in BjA 
then exists with density The moment equalities E(ukj(Y Kjj)) = E(ukj(Xij)) hold for k in 

Kj, so that Y Kjj has a distribution close to that of in the sense that the expected log penalty 
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function Ip^j = -E(— log gKjjO^ij)) is the smallest expected log penalty function E(— logp(Xy)) 
for all probability densities g on B\jA such that 

S(x) = 7K i i(^i)^i(x)exp[0; A - jj u Kji (x)] 

for some real iT,-array d*Kjj , and E(— log g(X.ij)) = Ipp only if d*Kp = 0 Kp- 

If Jij includes the pairs (1,0), (0,1), (2,0), (0,2) and (1,1) and Wj is always 1, then 
log gKjj(x) is a quadratic function 

Po + PxjXxj + Pax a + PxjXjx'xj + 2 PxjAXxjXA + Paax a - 

If PxjXj and (3aa are both negative and if PxjA < PxjXjPAA, then gx 0 j is the conditional density 
of a bivariate normal random vector given that the vector is in the interval BxjA ■ The random 
vector Yx j with density gi<p then has the same mean and covariance matrix as ( Xij,Aij ). 

The moment equations expressed in terms of u^j can be interpreted in terms of conventional 
moments if the set Kj satisfies the hierarchy rule that (kxj, kp) is in I\j whenever (hxj, Iia) 
is in Kj, kxj < hxj, kA < h a, kxj and kp are nonnegative integers, and kxj or kA is 
positive. The equations E(ukj(Y K :i j)) = E(ukj(Xij)) for k in I\j then hold if, and only if, 
E^Xik^AK.i) = E(X$“ 4*) for all k in I\j. 

For 1 < j < 2, the distribution function GxjKp of YxjKp and the distribution function 
GAKjj of YAKjj are strictly increasing and continuously differentiable on their respective ranges 
Bxj and By ■ If BxjyA , V in B\j, consists of all pairs ( yxjiUA ) such that yxj is in Bxj, 1JA is in 
B a , and yxj < y, then 

GxjKjjiy) = / gr<p(x)dx. 

d BxjyA 

If BxjAy, U in B a , consists of all pairs (yxj, l /a) such that yxj is in Bxj, yA is in B A , and yA < y, 
then 

GAKjjiy) = / g AKj p(x)dx. 

d BxjAy 

The inverse RxjKjj defined by Gxj Kp ( Bxj Kp (p) ) = p for 0 < p < 1 and the inverse Rak^j 
defined by G A k :i j(R- a k :i j(p) = P for 0 < p < 1 are also continuously differentiable and strictly 
increasing, so that the conversion functions 

exlX2K\K 2 = Rx2K 2 2(GaK 2 2(RaK 1 i(Gx1K 1 i))) 
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and 



ex‘2X 1 k, k 2 = Rxik 1 i(Gak 1 i(Rak 2 2(Gx2K 2 2))) 

are also continuously differentiable and strictly increasing. Note that exiX 2 K 1 K 2 = 
&AX 2 K 2 {^xiak 1 ), where exiAK, = Rak x \ (Gxik, i) provides a conversion from Form 1 to the 
anchor test and cax2K 2 = Rx 2 K 2 2 {G ak 2 2 ) provides a conversion from the anchor test to Form 2, 
while & X 2X1k 2 Ki = e A xiK 1 {ex2AK 2 ), where e X 2AK 2 = Rak 2 2{G X 2K 2 2 ) provides a conversion from 
Form 2 to the anchor test and gax\Ki = RxiK\ i (Gak, i ) provides a conversion from the anchor 
test to Form 1. 

As in other cases of continuous exponential families (Haberman, 2008a, 2008b), numerical 
work is simplified if computations employ the Legendre polynomials Pk for k > 0 (Abramowitz &; 
Stegun, 1965, chapters 8, 22). These polynomials are determined by the equations Po{x) = 1, 
Pi(x) = x, and 

Pk+ i(x) = (k + 1 ) _1 [(2/c + l)xP k (x) - kPk-i(x)], 

k > 1. If ini(Bxj) is the infimum of B\j and sup(Bxj) is the supremum of Bxj for 1 < j < 2, 
inf (B a) is the infimum of Ba, and sup(i? 4 ) is the supremum of Ba, then it is relatively efficient 
for numerical work to let f3xj = [inf(iLvj) + sup(I?xj)]/2 be the midpoint of Bxj for 1 < j < 2, to 
let /3a = [inf(S^) + sup(I?a)]/ 2 be the midpoint of Ba, to let rjxj = [sup(-Bxj) — hif(I3xj)]/2 be 
half the range of B\j for 1 < j < 2, to let t/a = [sup(i? J 4 ) — inf(L?A)]/2 be half the range of Ba, to 
let 

UkXj(x ) = P k ((x - Pxj)/VXj) 

for 1 < j < 2, and to let 

UkA(x ) = Pk({x - Pa)/va)- 

In applications considered in this report, for integers rxj > 1 and f'Aj > 0, 1 < j < 2, the set 
Kj consists of the rxj + rAj + 1 elements (kxj, 0), 1 < kxj < rxj, (0,A:a). 1 < kA < rAj, and 
(1, 1), so that the hierarchy principle holds and, for 1 < j < 2, Yxj K :i j and Xij have the same rxj 
initial moments, YAKjj and A^j have the same rAj initial moments,, and YxjKp and YAKyj have 
the same correlation as X t] and Aij. Thus YxjKjj and X^ have the same mean and variance for 
each j, and Yak^ and A l} have the same mean and variance for each j. If rxj > 2, then YxjKjj 
and Xjj have the same skewness coefficient. If rxj > 3, then YxjKjj and X^ have the same 
kurtosis coefficient. Similarly, if rAj > 2, then Yak^ and A ij have the same skewness coefficient. 
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If Taj > 3, then Yak,] and Aij have the same kurtosis coefficient. In the case of rxj = taj = 2 in 
which Legendre polynomials are used, if 9 k is negative for k equal to (2, 0) or (0, 2) and 9 2 {l ^ is less 
than 366^ 9 q^ 02 ), then Y Kjj corresponds to a bivariate normal random variable Z = [ZxjiZa) 
(Haberman, 2008b). The distribution of Y Xjj is the same as the conditional distribution of Z 
conditional on Z\j being in Bxj and Za being to Ba (Haberman, 2008b). One alternative choice 
of Kj (Wang, 2008) has Kj contain all pairs (. kxj,k>A ) of nonnegative integers such that kxj or kA 
is positive, kxj < rxj, and kA < ru- 
in typical cases, Wj is just the constant 1 ; however, in some cases with internal anchors 
A t j < X ih mf(Bxj) = inf(H^) and sup (£> 4 ) < sup (Bxj)- In such a case, it may be reasonable to 



let 



exp [zj(x X j ~ xa)\ 

Wj(x) = 7 TT 

1 + exp [zj(x X j-XA)\ 

for x = (. xxj,XA ) in BxjA, where Zj is a positive real constant. As Zj becomes large, Wj (x) goes 
to 1 for xxj > xa and to 0 for xxj < xa- In applications in this report, Zj = 2. This choice of Wj 
and Zj facilitates use of 20-point Gauss-Legendre integration (Haberman, 2008b). 



2 Estimation of Parameters 

The parameters the information criterion Ixjj, the distribution functions GxjKjj and 

G AK.yji and the conversion functions exiX2K 1 K 2 and ex2X\K\K 2 are readily estimated (Gilula 
& Haberman, 2000; Haberman, 2008a, 2008b). For k in Kj, let m^j be the sample mean 
n J 1 i and let m^ j be the iL^-array with elements m^j, k in Kj. If the covariance 

matrix of m Kjj is positive definite, then 0 is estimated by the unique Aj-array 9 K :j j such that 



/ u K:i j(x)(j KjJ (x)dx = m K 

■' B X jA 

/ 9K(j)j(x)dx= 1 , 

J Bxn A 



and 



= A Kjj(9 Kj j)wj(x) exp [9 K j u Kjj (x) ] 



for x in B\jA- 

For 1 < j < 2, as the sample size rij approaches oo, 9 x : p converges to 9 with probability 
1 , and n ■' (9 x : p — 9 K :j j) converges in distribution to a multivariate normal random variable with 
zero mean and with covariance matrix V = Cp , 7 x ' - (Gilula & Haberman, 2000). Here 
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D k j is the covariance matrix of u x :iJ (X .^ ) and C k j is the covariance matrix of the Xj-array 
*!/' /./ '* Y i\ ; j ) • Thus 



° Kjj = J 

The estimate of C K :i j is 



j3 ~ I [ u Kjj ( x ) - tl Kjj }[u Kj j(x) - HK.j'nK.jix)!! 

Bxja) 



X. 



c Kjj = / [u^j(x) - m. Kjj ][u Kj j(x) - m Kj j]'g Kj (x.)dx. 



IB 



XjA 



The estimate of D Kjj is 



D Kjj = "j ' X ~ nl ><jj'"K,j(X;) - m Kjj }'. 

2=1 

Thus V k 3 ] has estimate 

V*,; = C- K )p K]j C- K )j. 

For any nonzero constant Kj- array z the estimated asymptotic standard deviation (EASD) of 



v! k °i<jj is 



so that 



= n j 1/2 {^K^K j jZK :i ) 1/2 



j3“K-3> ’ 



( Z K, Qk.j ~ Z K , @ Kjj ) / O (z' K 6 K 






converges in distribution to a standard normal random variable. 
The minimum expected penalty Ik :i j may be estimated by 

iKjj = ~ log IfKjj (Q Kjj ) - e' Kjj m Kjj . 



1 /2 

As the sample size rij increases, iKjj converges to Ij^.j with probability 1 and n ■ {I Kjj ~ 1 Kjj ) 
converges in distribution to a normal random variable with mean 0 and variance 



0-2 ( — log 9k jj (Xjj ) ) = 0' K jj\' Kj j9 K jj 

The EASD of iKjj is then 
(Haberman, 2008b). 
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For 1 < j < 2, the distribution function GxjKjj has estimate GxjKjj defined by 

Gxji< :: j(y) = / g Kj j(x)dx 

J BxjyA 

for y in Bxj , and the quantile function RxjKjj has estimate RxjKjj defined by 

Gx jKjjiRxjKjjip)) = P 

for 0 < p < 1. The distribution function G A Kjj has estimate G A Kjj defined by 

GAKp(y) = / g Kj j(x)dx 

d Bxj Ay 

for y in Ba , and the quantile function Rak^ has estimate R A Kjj defined by 



Gak^ {RaKjJ ip ) ) = P 



for 0 < p < 1 . Let 



and 



T xjKjjiy) = / Kj(x) - n K .j\g Kj j(x)dx 

J BxjyA 



T AK.jiy) = / [ua^(x) - n K . j ]g K . j (x)dx.. 

J Bxj Ay 

As the sample sizes n\ and 112 approach 00 , G xjKjj(y) converges to G xjKjjiy) with probability 1 
for y in B Xj , so that \G X jKjj - G XjKj j\, the supremum of | G X jKjj(y) ~ G XjKj j{y)\ for y in B X j, 
converges to 0 with probability 1. Similarly, GAKjjiy ) converges to GAKjj(y) with probability 1 for 
y in Ba, so that \G A k :P ~ GAKjj], the supremum of \G A K p (y) - GAKjjiy)] for y in Ba, converges 
to 0 with probability 1 (Haberman, 2008b). In addition, [G X jKjj{y) — G X j K :j j(y)\/ a (Gxj k :i jiv)) 
converges in distribution to a normal random variable with mean 0 and variance 1 if 

cr(G X jKjj(y )) = n j 1 / 2 {[T XjK jj{y)]'\' Kjj TxjK J jiy)} 1/2 , 

and [GAKjjiy) ~ G AKjjiy)]/ &iG AKjjiy)) converges in distribution to a normal random variable 
with mean 0 and variance 1 if 



aiG AKjj (y)) = Uj 1/2 {[T AKjjiy)]'V K jjTAKjjiy)} 1/2 , 

Similarly, RxjKjjip) converges to R X jK p ip) with probability 1, and [R. X j k :P ip) — 

Rxj k :i j ip) ]/ (J i R-XjK.p ip) ) converges in distribution to a normal random variable with mean 0 and 
variance 1 if 

CriR-XjKjj ip) ) = [ gXjKjj iRxjKjj ip))]~^iGxjKjj iRxjKjj ip) ) ) 




and gxjKjj(y) is the marginal density corresponding to GxjKjj ■ Thus gxjKjjiu ) is the integral of 
g Kj j((y,x A )) over x A in B A . 

The estimate R A Kjj('P ) converges to R A Kp(p) with probability 1, and [R, A K :i j ip) — 

RaKjJ {p)\/ &{R A K jj {p)) converges in distribution to a normal random variable with mean 0 and 
variance 1 if 

a ( RaKj j (p ) ) = \9AKj j{RAK j j(p))]~ 1 <x( G AKj j ( RaKj j(p))) 

and g A Kjj{y) is the marginal density corresponding to Gak^- Thus g A Kjj{y ) is the integral of 
gKjj{(x X j,y)) over x x j in B Xj . 

Estimated asymptotic standard deviations may be derived by use of obvious substitutions of 
estimated parameters for actual parameters. Thus 

£( GxjKjjiy )) = rij 1 / 2 {[f X jK j j(y)]'^K j jTxjK J j(y)} 1/ 2 , 



where 



T XjKjjiy) = 



’ B X jyA 



[ u /\ .j (x) - m K j]g K j(x)dx, 



a(R XjKjj (p)) = IgxjKjjiRxjKjjip))] ^{GxjKjjiRxjKjjip)), 
and (jX'j Kp (y) is the marginal density corresponding to GxjKjj- In like manner, 

HGakjM) = nj 1/2 { [T AKjj (y)]'V Kjj T AKjj (y)} 1/2 , 



where 

T AKjj(y) = / Kj(x) - m Kj j\g Kj j (x)dx, 

J Bxj Ay 

H RAKjjip )) = [gAKjjiRAKjjiP^-^iGAKjjiRAKjjip)), 

and g A Kjj(y ) is the marginal density corresponding to G A Kjj- 

The estimate e X i X 2 K 1 K 2 °I the conversion function e X iX2K 1 K 2 from Form 1 to Form 2 
satisfies 

fiX\X2K { K 2 = eAX2K 2 {&XlAK 1 ), 

where 

e A X2 K 2 = Rx2K 2 2{G AK 2 2) 



and 



exiAK i = Rak x i{G xu^i) . 
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The corresponding estimate ex 2 XiK 1 K 2 °f CX2X1K 1 K 2 satisfies 

eX2XlI< 1 K 2 = eAXlKt{eX2AK 2 ), 



where 



&AX 1 K! = Rx\Kxl{G AK!\) 



and 



e.Y2 AK 2 = RaK 2 2 {Gx2K 2 2) ■ 



As the sample sizes n\ and n 2 become large, exiX 2 K 1 K 2 (y) converges with probability 1 to 
exiX2K 1 K 2 (y) for y in B x 1, and e X 2XiK 1 K 2 {y) converges with probability 1 to e X 2XiK 1 K 2 (y ) for y 
in B x 2. In addition, [e X iX 2 K 1 K 2 (y) ~ e X iX 2 K 1 K 2 {y)]/ cr{e X iX 2 K 1 K 2 {y)) converges in distribution 
to a standard normal random variable if 



& 2 (exiX2K 1 K 2 (y)) 

= 1h 1 [ r £xiK 1 l(y) - r ^AK 1 l(exiAK 1 (y))] , 'VK 1 l[TxiK 1 l(y) - T > AK 1 l(exiX 2 K 1 K 2 (y ))] 

{ [9AI<2 2 (exiAKt (y) )] / [_9AKi 1 (exiAK! (y) ) 9X2K 2 2 {e X lX2K 1 K 2 (y) )] } 2 
+ n 2 1 [ T AA' 2 2 (exiAA'i(y)) - Tx 2 K 2 2 (exi.Y 2 /YiK 2 (y))] /V A '22 
[T j 4 AT 2 2 (?/) - Tx 2 A' 2 2 (exi.Y 2 A'iA' 2 (y))]/b.Y 2 A' 2 2 (exi.Y 2 /\iA: 2 (y))] 2 - 

In like manner, [ejY2XiAT 1 AT 2 (y) - ex2XiA'iAr 2 (y)]/o-(ex2XiATiA: 2 (y)) converges in distribution to 
a standard normal random variable if 



v 2 (e X iX2K 1 K 2 (y)) 

= «2 1 [T.Y2A' 2 2(y) - TAK 2 2(ex2AK 2 (y))]'VK 2 2[Tx2K 2 2(y) ~ T AK 2 2(ex2XlK 1 K 2 (y))\ 
{ \.9AKi 1 (e X 2AK 2 (y) )] / [_9AK 2 2 {eX2AK 2 (y) )yxiATi 1 (eX2Xl Ay A'l (y) )] } 2 
+n^ 1 [T J 4ATii(exiAAr 2 (y)) - TxiK l i{e-X2XiK 1 K 2 {y))]'V 
[TAA'!l(y) - TxiA'il(eX 2 XlA'iA' 2 (y))]/[y.YlA' 1 l(eX 2 .YlXiA: 2 (y))] 2 - 
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The EASD of exiX 2 K 1 K 2 {y ) satisfies 

d 2 (exiX2K 1 K 2 (y )) 

= xiKx\{y) - T J 4A'ii(e.YiAA'i(y))] , Vft' 1 i[Txi_ft: 1 i(y) - ^ AK 1 \(&x\x2{y))\ 

{ [ 9AK 2 2 {&XIAK 1 (y) )] / [9AI< 1 1 (e.Yl AA'i (y) )dX2K 2 2 (exlX2K 1 K 2 (j/))]} 2 
+ n 2 1 [T^ AK 2 2(exiAK 1 (y)) ~ Tx2K 2 2{exlX2K 1 K 2 (y))]vK 2 2 
[TakM - Tx2K 2 2(exiX2K 1 K 2 (y))]/[gX2K 2 2{exiX2K 1 K 2 (,y))] 2 , 

and the EASD of ex 2 XiK 1 K 2 (y) satisfies 

v 2 (e.X2XiK 1 K 2 (y)) 

= U 2 l [T X2K 2 2(y) ~ T AK 2 2(ex2AK 2 (y))]'V k 2 2[T X2K 2 2(y) ~ T AK 2 2(eX2Xl(y))} 

{ [dAKi 1 (exi AK 2 (y) )] / [9AI< 2 2 {ex2AK 2 ( y ) )gxlK 1 1 (eX2XlK 1 K 2 ( y ))]} 2 

+ n r 1 [ r i'AAil(exiAA'i(y)) - T XlK 1 \{eX2XlK 1 K 2 (y))]vK 1 \ 

[T AA'i 1 ( y ) - TxiAi 1 (&X2XlKi I< 2 {y))\/ [{jlXlKi 1 {&X2XlKiK 2 {V ) )] 2 • 

3 Application 

Equating was considered for the verbal, quantitative, writing, and English tests for two 
administrations. In each case, results are based on 1,414 examinees for the new form and 1,271 
examinees for the old form. To avoid identification of the assessment, details concerning the test 
are omitted. Kernel equating with log-linear smoothing, equipercentile equating with log-linear 
smoothing, and equating by exponential families were compared. To facilitate comparison, current 
practices were followed in the following ways. Log-linear models used linear, quadratic, cubic, 
and quartic terms for main effects, and a linear-by-linear interaction. In continuous exponential 
families, the corresponding model was used, so that each Kj included the pair (1, 1) and the pairs 
( k , 0) and (0, k) for 1 < k < 4. Ranges of tests used in kernel equating or equipercentile equating 
were used to specify ca, g?a> Kyi, dx 2 , KY 2 , and dx 2 - The sets Bxi, Bx 2 , and Ba were selected 
to have inf Bxj = cxj — 0.5 and sup (Bxj) = dxj + 0.5 for 1 < j < 2, inf(£>A) = ca — 0.5, and 
sup(-Ba) = c?a + 0.5. Anchors were internal. Bandwidth selection in kernel equating was based on 
the criterion in von Davier et al. (2004, p. 63) with K = 1. Bandwidths used are found in Table 3. 
Results for conversion of the new form to the base form are summarized in Tables 1-5 and in 
Figures 1-8. Note that conversions are not provided outside of the observed range of raw scores. 
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Table 1 



Bandwidths Used in Kernel Equating 







Verbal 


Quantitative 




Writing 


English 


New form 




0.7 


1.9 




0.6 


1.6 


New anchor 


0.6 


2.5 




2.1 


0.6 


Old form 




1.8 


2.1 




0.6 


1.6 


Old anchor 


1.5 


0.7 




0.6 


1.6 


Table 2 














Equating Results for Verbal Test 










Exponential 


Kernel 




Equipercentile 


Score Conversion EASD 


Conversion 


EASD 


Conversion 


EASD 


24 


20.26 


2.25 


19.53 


0.91 


21.69 


2.18 


25 


23.41 


2.52 


21.14 


1.12 


22.93 


2.20 


26 


25.45 


2.42 


23.03 


1.30 


24.10 


1.95 


27 


27.08 


2.25 


25.06 


1.36 


25.26 


1.86 


28 


28.50 


2.08 


27.03 


1.31 


26.47 


1.80 


29 


29.81 


1.91 


28.82 


1.22 


27.64 


1.33 


30 


31.02 


1.74 


30.42 


1.12 


28.75 


1.24 


31 


32.18 


1.58 


31.84 


1.02 


29.89 


1.17 


32 


33.29 


1.44 


33.13 


0.93 


31.05 


1.11 


33 


34.36 


1.31 


34.30 


0.84 


32.16 


0.98 


34 


35.40 


1.19 


35.40 


0.77 


33.27 


0.91 


35 


36.41 


1.08 


36.44 


0.70 


34.39 


0.85 


36 


37.41 


0.98 


37.44 


0.64 


35.50 


0.77 


37 


38.38 


0.90 


38.40 


0.59 


36.57 


0.63 


38 


39.34 


0.82 


39.33 


0.55 


37.64 


0.59 


39 


40.28 


0.76 


40.25 


0.51 


38.71 


0.56 


40 


41.20 


0.70 


41.15 


0.48 


39.76 


0.53 


41 


42.11 


0.66 


42.03 


0.45 


40.81 


0.49 


42 


43.01 


0.61 


42.90 


0.43 


41.85 


0.50 


43 


43.90 


0.58 


43.77 


0.41 


42.89 


0.47 


44 


44.78 


0.55 


44.63 


0.40 


43.91 


0.45 


45 


45.65 


0.52 


45.47 


0.38 


44.94 


0.44 


46 


46.50 


0.49 


46.32 


0.37 


45.95 


0.43 


47 


47.36 


0.47 


47.16 


0.36 


46.96 


0.41 


48 


48.20 


0.45 


48.00 


0.35 


47.96 


0.39 


49 


49.03 


0.42 


48.83 


0.33 


48.96 


0.38 


50 


49.86 


0.40 


49.66 


0.32 


49.95 


0.36 


51 


50.69 


0.38 


50.48 


0.31 


50.94 


0.35 


52 


51.51 


0.36 


51.31 


0.30 


51.93 


0.33 
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Score 


Exponential 
Conversion EASD 


Kernel 

Conversion 


EASD 


Equipercentile 
Conversion EASD 


53 


52.32 


0.34 


52.13 


0.29 


52.91 


0.32 


54 


53.13 


0.32 


52.96 


0.28 


53.89 


0.31 


55 


53.94 


0.31 


53.78 


0.27 


54.87 


0.30 


56 


54.75 


0.29 


54.60 


0.26 


55.84 


0.29 


57 


55.55 


0.28 


55.42 


0.26 


56.82 


0.29 


58 


56.35 


0.26 


56.24 


0.25 


57.79 


0.28 


59 


57.15 


0.25 


57.07 


0.25 


58.76 


0.29 


60 


57.95 


0.25 


57.89 


0.25 


59.74 


0.28 


61 


58.75 


0.24 


58.71 


0.25 


60.71 


0.29 


62 


59.56 


0.24 


59.54 


0.25 


61.69 


0.29 


63 


60.36 


0.24 


60.37 


0.25 


62.67 


0.29 


64 


61.17 


0.25 


61.20 


0.25 


63.64 


0.30 


65 


61.97 


0.25 


62.03 


0.26 


64.61 


0.30 


66 


62.79 


0.26 


62.87 


0.26 


65.60 


0.30 


67 


63.60 


0.26 


63.71 


0.26 


66.58 


0.31 


68 


64.42 


0.27 


64.56 


0.27 


67.57 


0.31 


69 


65.25 


0.27 


65.41 


0.27 


68.56 


0.31 


70 


66.08 


0.28 


66.27 


0.27 


69.55 


0.32 


71 


66.91 


0.28 


67.14 


0.28 


70.54 


0.33 


72 


67.76 


0.29 


68.01 


0.29 


71.54 


0.35 


73 


68.61 


0.30 


68.94 


0.30 


72.54 


0.37 


74 


69.47 


0.32 


69.81 


0.32 


73.54 


0.40 


75 


70.33 


0.33 


70.74 


0.34 


74.55 


0.44 


76 


71.21 


0.36 


71.69 


0.36 


75.56 


0.50 


77 


72.10 


0.39 


72.69 


0.39 


76.58 


0.55 


78 


73.00 


0.42 


73.73 


0.43 


77.60 


0.61 


79 


73.92 


0.47 


74.84 


0.46 


78.62 


0.70 


80 


74.86 


0.52 


76.02 


0.50 


79.66 


0.74 


81 


75.82 


0.58 


77.30 


0.54 


80.70 


0.80 


82 


76.83 


0.64 


78.68 


0.56 


81.73 


0.88 


83 


77.91 


0.72 


80.14 


0.57 


82.80 


0.86 


84 


79.11 


0.79 


81.64 


0.54 


83.86 


0.83 


85 


80.58 


0.87 


83.07 


0.48 


84.93 


0.78 


86 


82.96 


0.93 


84.36 


0.41 


85.99 


0.70 



Note. EASD = estimated asymptotic standard deviation. 
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Table 3 

Equating Results for Quantitative Test 



Exponential Kernel Equipercentile 



Score 


Conversion 


EASD 


Conversion 


EASD 


Conversion 


EASD 


8 


8.12 


0.28 


3.09 


0.46 


6.55 


0.64 


9 


9.15 


0.48 


5.45 


0.45 


7.59 


0.61 


10 


10.10 


0.53 


7.45 


0.42 


8.63 


0.58 


11 


11.05 


0.53 


9.11 


0.40 


9.68 


0.57 


12 


12.01 


0.50 


10.56 


0.38 


10.75 


0.51 


13 


12.99 


0.46 


11.91 


0.37 


11.82 


0.47 


14 


13.98 


0.41 


13.21 


0.35 


12.90 


0.42 


15 


14.98 


0.37 


14.48 


0.32 


13.99 


0.38 


16 


16.00 


0.33 


15.72 


0.30 


15.08 


0.34 


17 


17.04 


0.30 


16.96 


0.28 


16.18 


0.30 


18 


18.09 


0.28 


18.18 


0.27 


17.28 


0.28 


19 


19.15 


0.26 


19.38 


0.25 


18.38 


0.26 


20 


20.23 


0.26 


20.58 


0.25 


19.49 


0.25 


21 


21.33 


0.26 


21.76 


0.24 


20.59 


0.23 


22 


22.44 


0.26 


22.93 


0.24 


21.71 


0.23 


23 


23.56 


0.27 


24.09 


0.24 


22.81 


0.23 


24 


24.70 


0.28 


25.23 


0.23 


23.93 


0.24 


25 


25.85 


0.29 


26.36 


0.23 


25.04 


0.23 


26 


27.00 


0.29 


27.48 


0.23 


26.16 


0.23 


27 


28.16 


0.30 


28.58 


0.23 


27.27 


0.23 


28 


29.33 


0.32 


29.66 


0.23 


28.38 


0.23 


29 


30.50 


0.33 


30.74 


0.23 


29.49 


0.23 


30 


31.66 


0.34 


31.80 


0.24 


30.60 


0.24 


31 


32.82 


0.36 


32.85 


0.24 


31.71 


0.25 


32 


33.97 


0.38 


33.89 


0.25 


32.81 


0.25 


33 


35.11 


0.40 


34.93 


0.26 


33.91 


0.26 


34 


36.24 


0.41 


35.95 


0.27 


35.00 


0.27 


35 


37.35 


0.43 


36.96 


0.28 


36.08 


0.28 


36 


38.44 


0.44 


37.97 


0.29 


37.16 


0.29 


37 


39.50 


0.45 


38.97 


0.30 


38.22 


0.31 


38 


40.55 


0.46 


39.96 


0.32 


39.29 


0.31 


39 


41.58 


0.47 


40.95 


0.33 


40.33 


0.32 


40 


42.58 


0.47 


41.93 


0.34 


41.37 


0.33 


41 


43.56 


0.48 


42.91 


0.35 


42.40 


0.34 


42 


44.52 


0.48 


43.89 


0.36 


43.41 


0.35 


43 


45.46 


0.49 


44.86 


0.37 


44.43 


0.36 


44 


46.38 


0.50 


45.82 


0.39 


45.42 


0.37 


45 


47.27 


0.51 


46.77 


0.40 


46.40 


0.39 
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Score 


Exponential 
Conversion EASD 


Kernel 

Conversion 


EASD 


Equipercentile 
Conversion EASD 


46 


48.14 


0.53 


47.71 


0.42 


47.37 


0.41 


47 


48.99 


0.55 


48.63 


0.44 


48.33 


0.44 


48 


49.82 


0.58 


49.54 


0.46 


49.28 


0.47 


49 


50.63 


0.62 


50.44 


0.48 


50.21 


0.51 


50 


51.42 


0.66 


51.31 


0.51 


51.13 


0.56 


51 


52.19 


0.70 


52.17 


0.53 


52.05 


0.63 


52 


52.94 


0.73 


53.01 


0.56 


52.94 


0.67 


53 


53.67 


0.77 


53.83 


0.59 


53.80 


0.75 


54 


54.37 


0.80 


54.65 


0.62 


54.66 


0.85 


55 


55.05 


0.82 


55.47 


0.66 


55.54 


0.98 


56 


55.71 


0.82 


56.31 


0.70 


56.18 


0.77 


57 


56.33 


0.81 


57.18 


0.76 


57.18 


0.85 


58 


56.91 


0.78 


58.12 


0.83 


57.98 


0.96 


59 


57.45 


0.72 


59.16 


0.91 


58.78 


1.08 


60 


57.95 


0.63 


60.35 


1.01 


59.58 


1.21 


61 


58.40 


0.52 


61.73 


1.10 


60.43 


0.82 


62 


58.79 


0.38 


63.31 


1.16 


61.36 


0.80 


63 


59.12 


0.23 


65.11 


1.18 


62.36 


0.66 


64 


59.39 


0.08 


67.12 


1.17 


63.47 


0.35 



Note. EASD = estimated asymptotic standard deviation. 



Table 4 

Equating Results for Writing Test 



Exponential Kernel Equipercentile 



Score 


Conversion 


EASD 


Conversion 


EASD 


Conversion 


EASD 


0 


1.02 


0.93 


-0.65 


1.28 


2.67 


0.79 


1 


2.20 


1.10 


0.80 


1.38 


4.40 


1.93 


2 


3.25 


1.22 


2.11 


1.46 


5.80 


1.11 


3 


4.26 


1.28 


3.33 


1.46 


7.21 


1.67 


4 


5.23 


1.29 


4.46 


1.40 


8.46 


1.18 


5 


6.19 


1.25 


5.53 


1.31 


8.94 


0.90 


6 


7.12 


1.18 


6.56 


1.20 


9.73 


0.84 


7 


8.04 


1.09 


7.57 


1.09 


10.47 


0.90 


8 


8.96 


0.99 


8.57 


0.98 


11.03 


0.71 


9 


9.89 


0.88 


9.57 


0.87 


11.80 


0.63 


10 


10.81 


0.79 


10.57 


0.76 


12.50 


0.44 


11 


11.75 


0.69 


11.57 


0.67 


13.17 


0.53 


12 


12.70 


0.61 


12.58 


0.58 


13.95 


0.42 


13 


13.67 


0.53 


13.59 


0.50 


14.70 


0.35 


14 


14.64 


0.46 


14.61 


0.44 


15.52 


0.31 



15 




Score 


Exponential 
Conversion EASD 


Kernel 

Conversion 


EASD 


Equipercentile 
Conversion EASD 


15 


15.63 


0.41 


15.64 


0.39 


16.33 


0.34 


16 


16.64 


0.37 


16.67 


0.35 


17.17 


0.30 


17 


17.65 


0.34 


17.71 


0.32 


18.03 


0.27 


18 


18.68 


0.32 


18.75 


0.30 


18.95 


0.26 


19 


19.72 


0.30 


19.80 


0.29 


19.87 


0.25 


20 


20.77 


0.29 


20.86 


0.28 


20.82 


0.25 


21 


21.83 


0.28 


21.91 


0.27 


21.80 


0.24 


22 


22.90 


0.28 


22.97 


0.26 


22.77 


0.23 


23 


23.97 


0.27 


24.03 


0.24 


23.79 


0.23 


24 


25.04 


9.26 


25.08 


0.23 


24.80 


0.22 


25 


26.11 


0.25 


26.14 


0.22 


25.81 


0.22 


26 


27.18 


0.24 


27.18 


0.22 


26.85 


0.21 


27 


28.24 


0.24 


28.22 


0.21 


27.87 


0.20 


28 


29.29 


0.24 


29.26 


0.21 


28.89 


0.20 


29 


30.32 


0.24 


30.28 


0.21 


29.90 


0.20 


30 


31.34 


0.24 


31.28 


0.22 


30.89 


0.21 


31 


32.35 


0.24 


32.28 


0.22 


31.87 


0.21 


32 


33.33 


0.24 


33.26 


0.22 


32.83 


0.21 


33 


34.30 


0.24 


34.23 


0.23 


33.77 


0.22 


34 


35.25 


0.24 


35.18 


0.23 


34.69 


0.22 


35 


36.18 


0.24 


36.12 


0.23 


35.58 


0.22 


36 


37.09 


0.23 


37.04 


0.24 


36.45 


0.21 


37 


37.99 


0.23 


37.95 


0.24 


37.31 


0.21 


38 


38.87 


0.24 


38.84 


0.25 


38.15 


0.22 


39 


39.73 


0.25 


39.74 


0.27 


38.95 


0.24 


40 


40.58 


0.26 


40.62 


0.29 


39.75 


0.27 


41 


41.41 


0.29 


41.50 


0.32 


40.52 


0.31 


42 


42.24 


0.32 


42.38 


0.34 


41.29 


0.29 


43 


43.06 


0.36 


43.29 


0.37 


42.05 


0.36 


44 


43.88 


0.39 


44.24 


0.39 


42.85 


0.41 


45 


44.72 


0.43 


45.25 


0.40 


43.59 


0.48 


46 


45.58 


0.45 


46.38 


0.39 


44.32 


0.38 


47 


46.53 


0.44 


47.65 


0.36 


45.29 


0.44 


48 


47.68 


0.29 


49.12 


0.31 


46.33 


0.38 



Note. EASD = estimated asymptotic standard deviation. 
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Table 5 

Equating Results for English Test 



Exponential Kernel Equipercentile 



Score 


Conversion 


EASD 


Conversion 


EASD 


Conversion 


EASD 


1 


1.15 


0.33 


1.75 


0.36 


0.62 


0.35 


2 


2.13 


0.46 


2.48 


0.38 


1.66 


0.46 


3 


3.02 


0.49 


3.22 


0.39 


2.74 


0.54 


4 


3.86 


0.49 


3.99 


0.39 


3.83 


0.59 


5 


4.67 


0.47 


4.78 


0.38 


4.94 


0.62 


6 


5.47 


0.44 


5.58 


0.36 


6.06 


0.65 


7 


6.27 


0.41 


6.40 


0.33 


6.87 


0.39 


8 


7.08 


0.36 


7.25 


0.30 


7.77 


0.33 


9 


7.91 


0.32 


8.11 


0.28 


8.67 


0.26 


10 


8.77 


0.29 


8.99 


0.25 


9.54 


0.22 


11 


9.65 


0.26 


9.89 


0.22 


10.40 


0.26 


12 


10.57 


0.23 


10.81 


0.20 


11.26 


0.21 


13 


11.52 


0.22 


11.75 


0.19 


12.12 


0.18 


14 


12.50 


0.21 


12.72 


0.18 


13.02 


0.17 


15 


13.53 


0.21 


13.71 


0.17 


13.91 


0.17 


16 


14.59 


0.21 


14.73 


0.17 


14.81 


0.17 


17 


15.68 


0.21 


15.78 


0.17 


15.72 


0.16 


18 


16.82 


0.21 


16.86 


0.17 


16.63 


0.17 


19 


17.99 


0.21 


17.97 


0.18 


17.56 


0.17 


20 


19.19 


0.21 


19.11 


0.18 


18.49 


0.16 


21 


20.42 


0.21 


20.27 


0.19 


19.43 


0.17 


22 


21.68 


0.21 


21.47 


0.19 


20.39 


0.17 


23 


22.95 


0.21 


22.70 


0.20 


21.35 


0.18 


24 


24.22 


0.22 


23.95 


0.21 


22.35 


0.18 


25 


25.50 


0.24 


25.21 


0.23 


23.33 


0.19 


26 


26.76 


0.25 


26.49 


0.25 


24.37 


0.20 


27 


27.99 


0.27 


27.77 


0.26 


25.41 


0.21 


28 


29.20 


0.28 


29.03 


0.28 


26.49 


0.22 


29 


30.38 


0.29 


30.28 


0.29 


27.60 


0.26 


30 


31.51 


0.29 


31.50 


0.31 


28.76 


0.27 


31 


32.59 


0.29 


32.68 


0.31 


29.94 


0.30 


32 


33.63 


0.29 


33.82 


0.32 


31.18 


0.31 


33 


34.62 


0.29 


34.92 


0.33 


32.42 


0.33 


34 


35.57 


0.29 


35.97 


0.34 


33.74 


0.40 


35 


36.48 


0.30 


36.98 


0.36 


35.09 


0.42 


36 


37.35 


0.32 


37.95 


0.38 


36.44 


0.45 


37 


38.19 


0.34 


38.88 


0.41 


37.82 


0.56 


38 


38.99 


0.38 


39.78 


0.45 


39.23 


0.61 


39 


39.78 


0.42 


40.66 


0.49 


40.58 


0.74 


40 


40.55 


0.47 


41.51 


0.53 


41.80 


0.80 
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Score 


Exponential 
Conversion EASD 


Kernel 

Conversion 


EASD 


Equipercentile 
Conversion EASD 


41 


41.31 


0.53 


42.33 


0.57 


43.07 


0.89 


42 


42.07 


0.59 


43.14 


0.60 


44.28 


0.68 


43 


42.85 


0.66 


43.94 


0.63 


44.93 


0.73 


44 


43.64 


0.73 


44.73 


0.65 


45.50 


0.57 


45 


44.47 


0.79 


45.50 


0.64 


46.12 


0.61 


46 


45.35 


0.83 


46.26 


0.61 


46.67 


0.72 


47 


46.32 


0.82 


46.99 


0.55 


47.29 


0.39 


48 


47.55 


0.59 


47.68 


0.45 


48.06 


0.33 



4 Conclusions 

On the whole, results for all methods are quite similar. Differences are most noticeable for the 
highest and lowest scores. The results do illustrate an occasional difficulty with kernel equating 
based on the normal density. The equated score can be somewhat beyond the range of possible 
scores. This issue does not arise with continuous exponential families or equipercentile equating. 
It can also be avoided by use of alternate density functions (Lee & von Davier, 2008). The 
asymptotic standard deviations for the kernel method do not consider the effects of selection of 
bandwidth on the basis of data. In the equipercentile case, the discontinuities in the fitted density 
function are not considered. These issues do not arise with continuous exponential families. 

The data do not provide a compelling case in favor of or against any of the alternative 
equating methods. Current implementations of kernel equating with log-linear smoothing and 
equipercentile equating with log-linear smoothing assume that the scores to be equated are 
integers, as is the case with the operational test examined. Continuous exponential families can 
be applied to scores that are arbitrary real numbers; however, this feature does not have direct 
impact in this example. Although both approaches require selection of a polynomial, equating by 
continuous exponential families does have the advantage over kernel equating because a bandwidth 
need not be selected. 

The exact method of adjustment in continuous exponential families for internal rather than 
external anchors had negligible impact for the data examined. Virtually the same results are 
obtained if the weight function is simply set to 1. 

Results here are for chained equating rather than for post-stratified equating. The authors 
plan to consider the latter approach in a separate report. 
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Comparison of Equating Methods - Verbal 




Score 




Figure 1 Verbal Results: Continuous Exponential Case 
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Kernel Equating Method - Verbal 




Score 



- KE_2SE- 

KE 2SE+ 



Equipercentile Equating Method - Verbal 




Score 



Eq_2SE- 

Eq_2SE+ 



Figure 2 Verbal Results: Other Methods 
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Comparison of Equating Methods - Quantitative 




Exp 

KE 

Eq 
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Exponential Families Equating Method - Quantitative 



Exp_2SE- 
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Figure 3 Quantitative Results: Continuous Exponential Case 
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Kernel Equating Method - Quantitative 




Score 



- KE_2SE- 

-KE 2SE+ 



Equipercentile Equating Method - Quantitative 




Score 



Eq 

Eq_2SE- 

Eq_2SE+ 



Figure 4 Quantitative Results: Other Methods 
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Comparison of Equating Methods - Writing 




Exponential Families Equating Method - Writing 




Figure 5 Writing Results: Continuous Exponential Case 
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Kernel Equating Method - Writing 





Figure 6 Writing Results: Other Methods 
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Comparison of Equating Methods - English 
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Exponential Families Equating Method - English 
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Figure 7 English Results: Continuous Exponential Case 
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Kernel Equating Method - English 




Score 



Equipercentile Equating Method - English 




Figure 8 English Results: Other Methods 
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In general, it appears that continuous exponential families can be applied to nonequivalent 
groups with anchor tests. This approach is competitive with kernel approaches and approaches 
with equipercentile equating. The principal potential gain from use of continuous exponential 
families is achieved when the number of possible combinations of scores is very large. 
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